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Executive Summary

The "CREXDATA Deliverable 4.1" report presents a comprehensive analysis and evaluation
of the CREXDATA project, focusing on the development and implementation of advanced
data processing techniques for real-time complex event processing. The project employs a
distributed architecture using Kafka to facilitate communication between multiple services,
ensuring efficient and scalable data handling. This architecture supports the integration and
coordination of diverse data sources, enhancing the system's ability to process high volumes
of data in real time.

Key contributions include the introduction of Symbolic Regular Expressions with Memory
and Output (SREMO), which enhance the detection of complex relational patterns through
nested operators and n-ary expressions. This innovative approach significantly improves the
accuracy and efficiency of pattern recognition in real-time data streams, providing robust
solutions for various applications. We also present a method for optimizing our Complex
Event Forecasting engine in an online manner. This is a first step towards fine-tuning our
engine for multi-resolution forecasting. It then presents an extension of our forecasting
engine so that it can handle more expressive patterns.

With respect to critical maritime events, the document presents the components developed
for forecasting and resolving vessel-to-vessel collisions and for hazardous weather rerouting
at sea in the face of extreme weather events.

We then present the simulation scenarios from all three CREXDATA use-cases. Also, we
provide an overview of the methods that we are going to apply for interactive simulation
parameters exploration.

The report includes a detailed scalability analysis and parameter tuning of the algorithms
used within the CREXDATA framework. This analysis underscores the importance of
parallelization in optimizing the execution time of algorithms over networks composed of
hundreds or thousands of devices. By effectively managing the computational load across
multiple devices, the project ensures that the system can handle large-scale data processing
tasks with high efficiency. This scalability is crucial for applications that require real-time
processing of vast amounts of data, such as monitoring and responding to natural disasters.

Our work on Federated Machine Learning, presented next, focused on developing
Functional Dynamic Averaging, a bandwidth-efficient technique for Federated Deep
Learning. Comparison to previous state-of-the-art indicates orders-of-magnitude efficiencies
in communication cost, especially in Computer Vision problems related to the Weather
Emergency use case.

The algorithmic suite CREXDATA incorporates to support its overall architectural framework
with optimized analytics as a service (i.e., attributing resources to the lot of CREXDATA
extreme scale analytics workflows, on demand, simultaneously achieving good
performance) is presented afterwards.
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Next, we present a social media toolkit developed to monitor and extract key information
from social networks to aid civil protection authorities during weather emergencies. This
toolkit consists of a stream-enabled multilingual language model for event type detection,
and a question answering model for extracting information from relevant social media posts.
The report delves into the challenges and solutions associated with acquiring and mining
useful information about emerging events from multilingual social media posts. These posts,
often published by local government agencies or individuals directly involved in
emergencies, provide valuable real-time perspectives. However, the unstructured and often
ungrammatical nature of social media content, combined with its multilinguality, poses
significant challenges. The project addresses these issues by developing advanced text
mining algorithms that support civil protection authorities in responding to weather-induced
emergencies, thus improving the overall efficiency and effectiveness of emergency response
strategies.

Overall, the deliverable demonstrates substantial advancements in real-time data
processing, contributing valuable methodologies and tools for emergency response and
complex event detection. The CREXDATA project's innovations in distributed architectures,
pattern recognition, and text mining represent significant strides in the field, offering practical
solutions to real-world problems. This report not only highlights the technical achievements
of the project but also emphasizes its potential impact on enhancing the responsiveness and
effectiveness of emergency management systems.

11
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1 Introduction

This document presents the progress of the CREXDATA project with respect to Complex
Event Forecasting, Learning and Analytics. WP4 develops the forecasting, learning and
scalability tools for analytics and distributed ML of CREXDATA. The tools developed in WP4
take into account the forecasting and scalability requirements that are specific to the use
cases of WP2.

1.1 Purpose and Scope

The reader is expected to be familiar with Complex Event Forecasting, Artificial Intelligence,
Federated Learning, Text Mining and Distributed processing techniques, as well as the
general intent and concept of the CREXDATA project. The target readership is:

e CREXDATA researchers
e CREXDATA audit

CREXDATA focuses on event forecasting, interactive and federated machine learning and
text mining techniques for large scale data. This document presents the current
advancements and discusses the scientific and technological issues that are being
investigated in Work-Package 4, with respect to Complex Event Forecasting, Learning and
Analytics.

1.2 Relation to other Deliverables

This document is related to the following project deliverables:

e D2.2 Initial Use Case Evaluation, Pilots, Demonstrators and Simulation Models and
Tools;

e D3.1 Initial Report on System Architecture, Integration and Released Software
Stacks.

1.3 Source code availability

CREXDATA has promised to deliver the source code of its solutions. Below we provide a list
of source code repositories related to the present deliverable. Please note that some of the
repositories may be anonymous because the relevant papers have not been published yet.

e Repositories for Task 4.1
o https://github.com/ElAlev/Wayeb
o https://github.com/manospits/rtcef
o0 https://github.com/ElAlev/cer-srt
e Repositories for Task 4.2
o https://github.com/xarakas/ETSC
e Repositories for Task 4.3

12
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o0 https://github.com/miketheologitis/FedL-Sync-FDA

o0 https://github.com/miketheoloqitis/TEFD-FedL-Sync-FDA

0 https://github.com/gfrangias/KungFu
Repositories for Task 4.4

o0 https://github.com/DBanelas/crexdata-optimizer

o0 https://github.com/DBanelas/placement-simulation-suite
Repositories for Task 4.5

o https://github.com/langtech-bsc/crexdata-task4.5

0 https://anonymous.4open.science/r/genra-BB1B

1.4 Structure of the Deliverable

This document has the following structure:

Section 2 presents a method for optimizing our Complex Event Forecasting engine
in an online manner. This is a first step towards fine-tuning our engine for multi-
resolution forecasting. It then presents an extension of our forecasting engine so that
it can handle more expressive patterns and our work of extending an event
recognition engine with complex temporal relations. Finally, the components for
forecasting and resolving critical maritime events are presented.

Section 3 presents the simulation scenarios from all three CREXDATA use-cases.
Also, we provide an overview of the methods that we are going to apply for interactive
simulation parameters exploration, such as active learning, optimization of
interventions, early time-series classification, and reinforcement learning.

Section 4 presents our work on Federated Machine Learning. It focuses on
developing Functional Dynamic Averaging, a bandwidth-efficient technique for
Federated Deep Learning. Comparison to previous state-of-the-art indicates orders-
of-magnitude efficiencies in communication cost, especially in Computer Vision
problems related to the Weather Emergency use case.

Section 5 presents the CREXDATA optimization approach which automates the
process of mapping logical workflows (workflows which only describe the application
logic, being deprived of any physical execution aspect) to physical workflows
deployable across the networked settings over which CREXDATA operates. It details
the optimization algorithmic suite of CREXDATA and explains the way it optimizes
the execution of arbitrarily many workflows over arbitrarily many devices, under
arbitrarily many physical execution options in volatile streaming and network settings.
Section 6 presents the text mining algorithms and language models developed for
monitoring and extracting key information about weather emergencies from social
media messages. It details the language model for event type detection, the module
for information extraction, and the design decisions in each step.

13
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2 Multi-Resolution Complex Event Forecasting

In this Section, we present our work for multi-resolution Complex Event Forecasting (CEF).
Our work is based on an already existing forecasting engine which we have developed in
previous projects, called Wayeb?! [1] [2]. Wayeb is a forecasting engine which employs
symbolic automata as its computational model. Wayeb is both efficient and expressive, while
maintaining clear, compositional semantics for the patterns expressed in its language due to
the fact that symbolic automata have nice closure properties. At the same time, it is
expressive enough to support most of the common Complex Event Recognition operators.
Specifically, our contributions for the first half of the project are the following:

e Section 2.1 presents RTCEF, an open-source novel framework for run-time
optimisation of CEF. More specifically, RTCEF, aims to facilitate online CEF
training/hyperparameter optimization over streams with constantly evolving
conditions. We evaluate RTCEF on two real-world use-cases from the maritime and
financial domains and our reproducible results show that RTCEF can significantly
improve forecasting performance with minimal lag upon run-time changes. For the
second half of the project, the goal is to extend this optimization technique in order
to target forecasting at multiple temporal resolution / earliness values.

e Section 2.2 presents an extension of Wayeb which allows it to handle more
expressive patterns, required for the CREXDATA project. Wayeb can now
accommodate patterns with relational constraints, e.g., a decreasing trend in the
number of COVID cases. We present a summary of our results in order to make the
deliverable succinct. A complete description of our work may be found in an extended
technical report?.

= Section 2.3 presents an extension of another event recognition engine that we have
at our disposal, RTEC3. The engine is extended so as to be able to handle relations
expressed in Allen’s interval algebra, thus significantly increasing its expressive
power.

2.1 Online optimization of Complex Event Forecasting

CEF, among other reasoning tasks, operates over constantly evolving conditions. Take for
example the problem of maritime route optimisation. Vessels may follow a different route
depending on the weather conditions or in general the season of the year [3]. Another
example is financial fraud detection—fraudsters constantly adapt their tactics to avoid getting
caught. While such problems can be treated by offline trained models for a given time period,
in practice, such models fall short in settings where dynamic changes that invalidate previous
training data are present. CEF systems in particular, typically, rely on probabilistic models
trained on historical data [4] [5] [1]. This renders CEF systems inherently susceptible to
evolutions in the input that can invalidate their underlying models—recall the example
mentioned earlier relating maritime routes with weather. Additionally, as with the majority of

1 https://qgithub.com/ElAlev/Wayeb
2 https://github.com/ElAlev/cer-srt/blob/main/docs/cer-srt-extended-report. pdf
3 https://github.com/aartikis/RTEC
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trainable models, CEF models have multiple hyper-parameters that require fine tuning for
optimal performance. Wayeb [2], one of the first CEF engines, is no exception to the above.
In prior work [6], a methodology for hyper-parameter optimisation, specifically tailored for
Wayeb, was proposed. While this method can successfully find near-optimal hyper-
parameters in the offline setting, it cannot handle dynamic evolutions of the input that can,
in the future, deteriorate CEF performance.

To address the above challenges, we propose RTCEF a novel framework for Run-Time
optimisation of CEF. RTCEF*, adopts a distributed architecture comprising several services
communicating via Kafka [7] [8] [9], and allows run-time update of CEF models. In other
words, it supports continuous adaptation to dynamic changes in the input stream while also
ensuring little to no downtimes in CEF. Since hyper-parameter optimisation is an expensive
procedure, RTCEF employs a trend-based policy which allows, in addition to hyper-
parameter tuning, CEF re-training without changing hyper-parameters. The contributions of
this work are thus the following: (a) we introduce RTCEF, an open-source novel framework
for run-time optimisation of CEF; (b) the distributed architecture we employ allows CEF to
run in parallel to training, or optimisation tasks, therefore ensuring no disruptions; (c) we
extensively evaluate RTCEF on two real-world use-cases from the maritime and financial
domains; (d) our reproducible results show that RTCEF can significantly improve forecasting
performance with minimal lag upon run-time changes.

2.1.1 Background

Complex Event Forecasting

CEF is a task that allows forecasting CEs of interest over an input stream of low level events;
e.g., timestamped position messages of maritime vessels, or credit card transactions.
Forecasts involve the occurrence of a CE in the future accompanied by a degree of certainty
[2]. This behaviour is usually derived from stochastic models that project into the future
evolutions of the input that can cause a detection of a CE. For the task of CEF, we utilise
Wayeb, a CEF engine which employs symbolic automata as its computational model. Wayeb
has clear, compositional semantics for the patterns expressed in its language and can
support most of the common operators [10]. Wayeb’s patterns are expressed as Symbolic
Regular Expressions (SREs), where terminal expressions are Boolean expressions, i.e.
logical formulae that use the standard Boolean connectives. Formally, Wayeb SRE(s) are
defined using the grammar below:

R = 1+ 5(union)| ; 5 (concatenation)| ; (Kleene-star)
|' 1(complement) | ¢ (Boolean Expression)

where 4, , are also regular expressions, and s is a Boolean expression. The semantics
of the above operators are detailed in [2]. Evaluation of SRE on a stream of events requires
first their compilation into symbolic automata. Transitions in symbolic automata are labelled
with Boolean expressions. For a symbolic automaton to move to another state, it first applies
the Boolean expressions of its current state's outgoing transitions to the element last read
from the stream. If an expression is satisfied, then the corresponding transition is triggered
and the automaton moves to that transition's target state. For example, in a maritime
monitoring scenario, a domain expert could use Wayeb'’s language to specify a pattern R

(speed > 10) (speed > 10) for identifying speed violations in specific areas where the

4 https://github.com/manospits/rtcef
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maximum allowed speed is 10 knots. This pattern is satisfied when there are two consecutive
events where a vessel's speed exceeds the threshold. We require two consecutive violations
in order to avoid situations where the vessel has only a momentary or random lapse.

Table 1: An example stream composed of five events. Each event has a vessel
identifier, a value for that vessel's speed and a timestamp

vesselid 78986 78986 78986 78986 78986
speed 5 3 9 14 11
timestamp 1 2 3 4 5

T
speed > 10 speed > 10
start —( 0 @ @

Figure 1: Streaming symbolic automaton created from the speed related expression

The compiled automaton corresponding to s illustrated in Figure 1. For an input stream
consisting of the events in Table 1 the automaton would run as follows. For the first three
input events, the automaton remains in state 0. After the fourth event, it moves to state 1
and after the fifth event it reaches its final state, state 2, triggering also a CE detection for
at timestamp = 5.

To perform CEF, we need a probabilistic description for a symbolic automaton derived from
a SRE. For this purpose, we employ Prediction Suffix Trees (PSTs) [11] [12]—a form of
Variable-order Markov Models (VMM). VMMs, compared to fixed-order Markov models,
capture longer-term dependencies as in practice they allow for higher order ( ) values than
the latter. Each node in a PST, contains a “context” and a distribution that indicates the
probability of encountering a symbol, conditioned on the context. Figure 2 (top left) shows
an example of a PST. Each "symbol” of a PST corresponds to a predicate of the automaton
for which we want to build a probabilistic model. Consequently, with the use of a PST, for
every state of an automaton, we can calculate the waiting-time distribution (W), that is,
the probability of reaching a final state in  transitions from state . Recall that a CE is
detected whenever an automaton reaches a final state. Figure 2 (middle and bottom left)
shows an example of an automaton and the waiting-time distributions learned from a training
dataset. Taking all of the above into account, Wayeb performs CEF as follows. Given the
current state  of an automaton, using W, it computes the probability of reaching a final
state (pcg) within the next  transitions (or, equivalently, input events). If pcg exceeds a
confidence threshold 6;. [0,1], Wayeb emits a “positive” forecast (denoting that the CE is
expected to occur), otherwise a “negative forecast” (no CE is expected) is emitted.

The above discussion illustrates the need for optimising multiple hyper-parameters. For
example, although setting the maximum order  of the VMM generally improves accuracy,
it leads to longer training times. Similarly, finding the optimal value for 65, is a crucial step as
low or high B¢ values can cause many false positives or false negatives respectively.
Manually fixing the above parameters would lead to severely sub-optimal results. On the
contrary, exhaustive parameter space exploration is of high computational complexity
making it prohibitive for run-time settings. To address these issues, we employ Bayesian
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optimisation to efficiently explore only a small fraction of the parameter space and learn the
optimal hyper-parameter values for the entire parameter space.

Offline Optimisation

In prior work [6] a framework for offline hyper-parameter optimisation of CEF was introduced.
The offline CEF optimiser of [6] and RTCEF utilise Bayesian optimisation as the underlying
mechanism for hyper-parameter calibration. Bayesian Optimisation (BO) [13] [14] is a
stochastic method used for optimising costly objective functions that are complex or
unknown. In our context, the objective function describes the performance of a CEF system.
Therefore, the goal of BO is to find the vector of system parameters that maximises CEF
performance, using a targeted, minimal set of system runs, termed ‘micro-benchmarks’
(essentially function evaluations), as training samples. We want to achieve the best possible
CEF performance using as few micro-benchmarks as possible; this is a setting where BO
perfectly fits [13] [14] [6]. BO employs a surrogate model, usually a Gaussian Process (GP)
Regressor (GPR), to approximate the objective function and iteratively refines this model.
Priors about the objective function, often for the mean and covariance functions of the GP
model, are set before any data observation. Every time we observe a new micro-benchmark
and collect system performance metrics, we acquire a training sample to fit on the GPR,
thereby updating our posterior belief in light on new evidence. In this work, the posterior
distribution represents our updated knowledge about the CEF system's performance. The
posterior distribution after observing new training samples (i.e., system runs in our case)
is given by the surrogate model that has been updated with the newly acquired knowledge
about CEF performance under a new hyper-parameter combination using Bayesian
inference (see for example [6]).

Micro-benchmark selection starts with an initial set chosen randomly from the input
parameter domain; we execute respective micro-benchmarks and observe performance
metrics in a set D;n;;. Subsequent micro-benchmarks are selected by an acquisition function
(e.g., Expected Improvement) which balances exploration of unexplored regions and
exploitation of current knowledge to identify points likely to yield the best performance. For
instance, in the plot at the bottom right of Figure 2, the acquisition function chooses the point
in the input domain with the highest uncertainty. BO concludes either when a micro-
benchmark budget is depleted or when the optimal value for the objective function
converges. The plot at the top right of Figure 2 illustrates a GPR with minimal uncertainty
around its mean values, after the microbenchmark budget has been fitted.

m,
pMin,

Statistics
Collector
Training
Time

B @,

Accuracy
(Mee)

Figure 2: Offline CEF optimiser
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The work of [6] introduces the offline CEF optimiser, a framework for offline hyper-parameter
optimisation of CEF. Figure 2 illustrates the offline CEF Optimiser [6], comprising the CEF
Engine alongside Benchmarker, Statistics Collector, and BO Cost Modeller. The CEF Engine
utilises training and validation datasets to construct probabilistic models for Wayeb, while
the remaining components execute BO (offline), as described earlier. The Benchmarker
initialises optimisation by sampling configurations and conducting micro-benchmarks, while
the Statistics Collector gathers performance statistics for the BO Cost Modeller. In this
setting, the relevant performance metrics are Matthew's Correlation Coefficient ( ) and
training time () combined together in a single formula, i.e. Score(c) = w; x MCC(c) —

W, X tanh (tte(—c) — 1), where 8y, is a desired, target training time above which  values
tt

get penalised. w; + w, = 1 are weights that allow adjustable emphasis on or .The
BO Cost Modeler fits a GPR to D;,; and prescribes subsequent micro-benchmarks using an
acquisition function. The Benchmarker decides whether optimisation should conclude or
continue based on BO convergence. In the former case, the optimal configuration is
deployed, while in the latter further micro-benchmarks are conducted. This iterative process
ensures the deployment of the most effective CEF Engine configuration while maximising
performance and minimising computational overhead.

On the other hand, the offline CEF optimiser, suffers from several disadvantages: (i) it drives
its decisions by attributing equal importance to all performance metrics, while in a streaming
setup we often need to take into consideration only a sliding window of recent measurements
and defy obsolete ones; (ii) it cannot optimise CEF hyper-parameters at run-time which is a
crucial limitation, since fluctuations in the input's statistical properties in streaming settings
is the norm rather than an infrequent situation; (iii) it cannot distinguish whether model hyper-
parameters should be adjusted due to such statistical changes or if it is only the Wayeb's
internal probabilistic model (PST) that should be re-trained, without hyper-parameter re-
calibration. RTCEF, presented in the next section, addresses all these issues.

2.1.2 Run-time CEF optimisation

RTCEF, is built with two major goals in mind. First it should allow run-time updating of CEF
models for treating input data evolutions that would otherwise lead to deterioration of
forecasting performance; and second, it should perform CEF with no disruptions, i.e. model
updating should not cause delays on CEF. Here, we present the architecture of our
framework from a bird's eye perspective while in Appendix 10.1.1 we describe each service
with more details.

Architectural overview

The architecture of RTCEF consists of five main services, acting as Kafka producers and
consumers, running synergistically to ensure undisrupted CEF as well as dynamic CEF
model retraining or optimisation. Figure 3 illustrates these services and the communication
lines between them. RTCEF is divided into four main parts, namely CEF, data collection,
monitoring of scores, and optimisation or re-training. Below we describe these parts.
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Figure 3: Architecture of RTCEF. Cylinders and rounded rectangles denote topics
and services respectively. For simplicity, we omit synchronisation topics; instead
we use grey arrows

CEF. The CEF part contains the forecasting engine service, which in our case is Wayeb.
Wayeb reads timestamped simple events from the input stream, and produces an output
stream of CE forecasts. In parallel, the engine reads from the models topic, which contains
updated model versions, i.e. PSTs. The engine runs undisrupted, pausing momentarily only
for model replacement when needed as explained shortly. Finally, the engine additionally
produces a stream of CEF forecasting performance reports. Recall that Wayeb performs
both CEF and CER, therefore scores can be produced on-the-fly; every forecast can be
evaluated by the presence (or absence) of subsequent CEs.

Data collection. This part of RTCEF handles data collection from the input stream (e.g., a
set of maritime vessel positional messages or credit card transactions). Data collection is
needed as retraining or optimisation procedures require training datasets. In the run-time
setting training datasets evolve over time. Therefore, the data collection part of RTCEF
includes the collector service, a data processing module, that organises and stores,
according to some policy, subsets of the input stream. This ensures that up-to-date datasets
are available for subsequent re-training or optimisation.

Performance monitoring. In order to determine whether the performance of the CEF
engine (i.e., the score) has deteriorated, the quality of its forecasts must be monitored.
This task is handled by the observer service which consumes CEF performance reports from
the ‘reports’ topic, and produces ‘retrain’ or ‘optimise’ instructions via a trend-based policy.

Optimisation and re-training. The final part of RTCEF involves two services, a model
factory service, and a controller service. The controller reads the instructions (‘retrain’ or
‘optimise’) of the observer, and accordingly initiates a training or optimisation procedure—
we will refer to both as ‘update model procedure’. For ‘retrain’ instructions, the controller
sends a ‘train’ request to the model factory for producing a model. Respectively, for
‘optimisation’ instructions, the controller initiates an optimisation message exchange with the
factory, whereby the controller sends ‘train & test’ requests, while the factory replies with
performance metrics. In both ‘train’ and ‘train & test’ requests, the controller service supplies
the model hyper-parameters. Note that during an update model procedure, the factory will
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use the latest dataset made available by the collector. When a new model procedure is
completed, the model factory sends a new model version to the ‘Models’ topic.

2.1.3 Experimental evaluation

Experimental setup

We evaluate RTCEF on maritime situational awareness and credit card fraud management.
For a smoother presentation we will omit experiments concerning credit card fraud
management from here and present them later in Appendix (Section 10.1).

Maritime Situational Awareness. We use a real-world, publicly available, maritime dataset
containing 18M spatio-temporal positional AIS (Automatic Identification System) messages
transmitted between October 1st 2016 and 31st March 2026 (6 months), from 5K vessels
sailing in the Atlantic Ocean around the port of Brest, France [15]. AIS allows the
transmission of information such as the current speed, heading and coordinates of vessels,
as well as, ancillary static information such as destination and ship type. We evaluate RTCEF
on a maritime pattern, which expresses the arrival of a vessel at the main port of Brest [6]:

port (_' ( )) (_' ( ))
(— InsidePort(Brest))  (InsidePort(Brest))

InsidePort(Brest) is true, when a vessel is within 5 km from the port of Brest. Consequently,
Rport is satisfied if a sequence of at least three events occur. The first two require the vessel
to be away from the port—thus limiting false positives from noisy entrances—, while the last
denotes that the vessel has entered the port. This CE is important for port management and
logistics reasons. Furthermore, we perform experiments for a CE termed Ryispy, and satisfied
when vessels enter fishing areas and sail with fishing speed. To cross validate our approach,
we create 6 datasets (MD;, i [0,5]) by shifting the starting month in a cyclic manner.

RTCEF initialisation. RTCEF requires an initial forecasting model for the engine. Alongside
this model, the hyper-parameters used for its creation must be provided to the controller,
ensuring their availability for any ‘retrain’ commands. Furthermore, if the initial model was
produced via offline BO (as in [6]) then a sample of its micro-benchmarks can be supplied to
the controller service. If prior samples are not available, then the first ‘optimisation’ call starts
from scratch. Finally, the user must provide a configuration file whereby parameters such as
bucket_size and max_slope are set (see Appendix, Section 10.1).

We perform offline hyper-parameter optimisation on the first four weeks of each dataset MD;
and use the resulting model, hyper-parameters and micro-benchmark samples for
initialisation. We set w, in Score(c) (see Background) to 0 as we focus on improving MCC
scores. Since model update procedures happen in parallel to CEF, training time is no longer
of importance. Concerning the hyper-parameter space, we chose the same setting as in [6].
To showcase, the benefit of RTCEF, we additionally perform experiments with the offline
CEF optimiser (see Background): i.e. for each FD;/MD we perform CEF using the initial
model of each dataset. In what follows, the experiments that utilise our framework are
labelled as ‘fr' while experiments that are performed only with offline trained models are
labelled as ‘no fr'.

RTCEF is implemented in Python 3.9.18, while the used Kafka version was 3.5.2. For BO,
we use the scikit-optimize library [16] 0.9.0. The experiments are conducted on a server
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running Debian 12 with an AMD EPYC 7543 32-Core Processor and 400G of RAM. Our
framework is open-source and our experiments are fully reproducible.

Experimental results

Figure 4 shows the evolution of MCC over time for R, along with the score improvements
for the cases ‘fr’ and ‘no fr’ for the maritime MDg /3,5 datasets. Results concerning MDy—the

dataset in its original order—show that the offline approach (‘no fr') demonstrates poor
performance and significant fluctuations in scores over time. Our approach improves
scores and reduces fluctuations.

For MDy RTCEF drammatically improves MCC up to ~300% following retraining and
optimisation procedures in weeks 5 and 6, respectively. A similar pattern is observed on the
MDs dataset. On the MD3 case, results show that the initial model, generated by hyper-
parameter optimisation on weeks 12 to 15, underperforms. However, this behaviour is
immediately cured when the observer requests optimisation in the first running week (see
orange dot in week 16 of Figure 4 middle)—this is due to the score being less than min_score
(see Algorithm ). We attribute the low scores of the initial model of the 5 dataset on the
lack of vessels passing through the monitoring area on that period (see Figure 5 right-a).
Figure 5 left-a, shows that the average for each dataset ( [0,5]) when using
RTCEF ('fr') is consistently higher than that achieved via a single model trained only on the
first four weeks of each dataset (‘no fr’). In Figure 5 left-b we report results concerning the

CE. For the pattern there are no input data evolutions that affect CEF
performance, therefore in this case, the results show that when data evolutions that affect
model performance are not present, using RTCEF does not affect forecasting performance.

Concerning processing efficiency, interruptions in CEF are minimal as retraining or
optimisation procedures occur in parallel to CEF, thus efficiency remains unaffected.
However, when a new model request arises, new model versions arrive with some delay.
Recall, that until a new model is available, the engine consumes, in parallel, the input stream
with the already deployed model. Figure 5 right-b shows the mean percentage of time spent
every four weeks for production of models (we denote this value as ) involving the
Rport Pattern. The results show that every four weeks, on average less than ~0.2% of time
is spent for model production (roughly 70 minutes). Consequently, RTCEF spends minimal
time every four weeks for model production, thus ensuring minimal delays and a resource-
friendly behaviour as optimisation or retraining procedures are not overperformed.
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Figure 4: Experimental results for datasets MD{0/1/8} with Rport. 'rt' and 'opt' denote
‘retrain’ and 'optimisation’. Upper plots show MCC over time; lower plots show
improvement
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2.2 Complex Event Recognition with Symbolic Register
Transducers

Automata are of particular interest for the field of CER, because they provide a natural way
of handling sequences. As a result, the usual operators of regular expressions, like
concatenation, union and Kleene-star, have often been given an implicit temporal
interpretation in CER. For example, the concatenation of two events is said to occur
whenever the second event is read by an automaton after the first one, i.e., whenever the
timestamp of the second event is greater than the timestamp of the first. On the other hand,
atemporal constraints are not easy to define using classical automata, since they either work
without memory or, even if they do include a memory structure, e.g., as with push-down
automata, they can only work with a finite alphabet of input symbols. For this reason, the
CER community has proposed several extensions of classical automata. These extended
automata have the ability to store input events and later retrieve them in order to evaluate
whether a constraint is satisfied [17] [18] [19]. They resemble both register automata [20],
through their ability to store events, and symbolic automata [21], through the use of
predicates on their transitions. They differ from symbolic automata in that predicates apply
to multiple events, retrieved from the memory structure that holds previous events. They
differ from register automata in that predicates may be more complex than that of
(in)equality.

One issue with these CER-specific automata is that their properties have not been
systematically investigated, in contrast to models derived directly from the field of languages
and automata; see [22] for a discussion about the weaknesses of automaton models in CER.
Moreover, they sometimes need to impose restrictions on the use of regular expression
operators in a pattern, e.g., nesting of Kleene-star operators is not allowed. We propose a
system for CER, based on an automaton model which can address these issues. This model
is a combination of symbolic and register automata. We call such automata Symbolic
Register Transducers (SRT). SRT extend the expressive power of symbolic and register
automata, by allowing for more complex patterns to be defined and detected on a stream of
events. We also present a language with which we can define patterns for complex events
that can then be translated to SRT. We call such patterns Symbolic Regular Expressions
with Memory and Output (SREMO), as an extension of the work presented in [23], where
Regular Expressions with Memory (REM) are defined and investigated. \rem\ are extensions
of classical regular expressions with which some of the terminal symbols of an expression
can be stored and later be compared for (in)equality. SREMO allow for more complex
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conditions to be used, besides those of (in)equality. They additionally allow each terminal
sub-expression to mark an element as belonging or not to the string/match that is to be
recognized, thus acting as transducers.

Our contributions may then be summarized as follows:

e We present a CER system based on a formal framework with denotational and
compositional semantics, where patterns may be written as Symbolic Regular
Expressions with Memory and Output (SREMO).

e We show how this framework subsumes, in terms of expressive power, previous
similar attempts. It allows for nesting operators and selection strategies. It also allows
n-ary expressions to be used as conditions in patterns, thus allowing the detection of
relational patterns.

e We extend previous work on automata and present a computational model for
patterns written in SREMO, Symbolic Register Transducers (SRT), whose
main feature is that it supports relations between multiple events in a pattern. SRT
also have the ability to mark exactly those simple events comprising a complex one.

e We show that SRT are closed under the most common operators, i.e., union,
intersection, concatenation and Kleene-star. Moreover, we show that, by using
windows, SRT are closed under complement and determinization. Windows are an
indispensable operator in CER because, among others, they limit the search space
for pattern matching.

e We implement a CER engine with SRT at its core and present relevant experimental
results. Our engine is both more efficient than other engines and supports a language
that is more expressive than that of other systems.

2.2.1 Symbolic Register Transducers

We start by presenting a language for CER and discuss its semantics. The main feature of
this language is that it allows for most of the common CER operators (such as selection,
sequence, disjunction and iteration), without imposing restrictions on how they may be used
and nested. Our proposed language can also accommodate n-ary conditions, i.e., we can
impose constraints on the patterns which relate multiple events of a stream, e.g., that the
number of tumour cells at the current timepoint is higher than their number at the previous
timepoint. We also discuss the semantics of patterns written in the proposed language and
show that these are well-defined. Hence, in order to know whether a given stream contains
complex events corresponding to a given pattern, we do not need to resort to a procedural
computational model. The semantics of the language may be studied independently of the
chosen computational model. This feature is critical, as it allows for a systematic
understanding of the use of operators. Additionally, it could be of importance for optimization,
which often relies on pattern re-writing, assuming that we can know when two patterns are
equivalent without actually having to run their computational models.

We extend the work presented in [23], where the notion of regular expressions with memory
(REM) was introduced. These regular expressions can store some terminal symbols, in order
to compare them later (in a string) against a new input element for (in)equality. The
corresponding automata compiled from REM need to be equipped with registers. Each
transition has the option to write the symbol that triggered it to some register. Transitions
can also access registers to retrieve their contents (previously stored elements) and
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compare them with the last element read by the automaton's head. One important limitation
of REM with respect to CER is that they can handle only (in)equality relations. In this section,
we extend REM so as to endow them with the capacity to use relations from “arbitrary"
structures. We call these extended REM Symbolic Regular Expressions with Memory and
Output (SREMO).

We assume that each terminal expression of a SREMO is a Boolean expression whose
predicates are in the form of a relation . We also assume that all possible input events
constitute a universe . We can then extend the terminology of classical regular expressions
to define characters, strings and languages. Elements of are called characters and finite
sequences of characters are called strings. A set of strings  constructed from elements of

, i.e., , is called a language over . Then, a stream is an infinite sequence =
1, 2,.. Where each is a character. By S;  we denote the sub-string of composed
of the first elementsof .  denotes the slice of starting from the m-th and ending at

the k-th element. We can then define n-ary relations on the elements of and use these
relations, or combinations of them via Boolean connectives, as terminal expressions within
a regular expression. The arguments of refer either to the most recently read element of a
string or to preceding elements, assumed to have been stored in registers. We call such
terminal expressions “conditions”. Conditions are the basic building blocks of SREMO. In the
simplest case, they are applied to single events and act as filters. In the general case, we
need them to be applied to multiple events, some of which may be stored to registers.
Conditions will essentially be the n-ary guards on the transitions of SRT.

We can now define SREMO, by combining conditions via the standard regular operators.
Conditions act as terminal expressions, i.e., the base case upon which we construct more
complex expressions. Each condition may be accompanied by a register variable, indicating
that an event satisfying the condition must be written to that register. It may also be
accompanied by an output, either ¢, indicating that the event must be marked as being part
of the complex event, or O, indicating that the event is irrelevant and should be excluded
from any detected complex events.

A SREMO is inductively defined as follows:

e |If@isaconditionand an output,then 1t isa SREMO.

e |If@isacondition, anoutputand aregistervariable,then 1t | isa SREMO.
e If ;and , are SREMO, then ;+ ,isalsoa SREMO.

e If ;and , are SREMO, then ;; , isalsoa SREMO.

e If isaSREMO,then isalsoa SREMO.

In order to capture SREMO, we propose Symbolic Register Transducers (SRT), an
automaton model equipped with memory, logical conditions on its transitions and a single
output on every transition. The basic idea is the following. We add a set of registers to an
automaton in order to be able to store events from the stream that will be used later in n-ary
formulas. Each register can store at most one event. In order to evaluate whether to follow
a transition or not, each transition is equipped with a guard, in the form of a Boolean formula.
If the formula evaluates to TRUE, then the transition is followed. Since a formula might be
n-ary, with = 1, the values passed to its arguments during evaluation may be either the
current event or the contents of some registers, i.e., some past events. In other words, the
transition is also equipped with a register selection. Before evaluation, the automaton reads
the contents of the required registers, passes them as arguments to the formula and the
formula is evaluated. Additionally, if, during a run of the automaton, a transition is followed,
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then the transition has the option to write the event that triggered it to some of the
automaton's registers. These are called its write registers , i.e., the registers whose
contents may be changed by the transition. Finally, each transition, when followed, produces
an output, either ©, denoting that the event is not part of the match for the pattern that the
SRT tries to capture, or ¢, denoting that the event is part of the match.

2.2.2 Experimental results

We have implemented a SRT-based CER engine by extending Wayeb®. We present our
implementation and experimental results. We present experimental results by comparing
Wayeb against other state-of-the-art CER systems. Our goal is to test the systems with
expressive, relational patterns, i.e., with patterns which can relate multiple events. For this
reason, we had to exclude systems that cannot express relational patterns, such as CORE
and previous versions of Wayeb. For some other systems, there is no publicly available
implementation or the implementation is no longer maintained (e.g., CRS and Cayuga). Yet
some other systems (e.g., TESLA) suffer from low performance for certain classes of queries
[24].

Our comparison thus includes SASE v1.0 [25], Esper v8.7.0 [26] and FlinkCEP v1.16.1 [27].
All these engines are written in Java. Wayeb is implemented in Scala 2.12.10. All
experiments were run on a 64-bit Linux machine with AMD EPYC 7543 x 126 processors
and 400 GB of memory. We used Java 1.8 for all systems. All experiments for all systems
were run as single-core applications.

As a basis for our experiments, we used the benchmark suite presented in [24]°. The suite
contains three datasets: a) stock market data from a single day (224,473 input events); b)
plug measurements from smart homes (1,000,000 input events) and c) taxi trips from the
city of New York (585,762 input events). For the stock market dataset, each input event is a
BUY or SELL event, containing the name of the company, the price of the stock, the volume
of the transaction and its timestamp. For the smart homes dataset, each input event is a
LOAD event, containing a load value in Watts, a household id, a plug id and a timestamp.
For the taxis dataset, each input event is a TRIP event, containing the datetime of the pickup
and dropoff, the zone of the pickup and dropoff, the trip distance and duration, the fare
amount, the tip amount, etc.

Since windows are ubiquitous in CER (for performance issues), we decided to focus on
windowed SREMO in our experiments. We also fixed the selection strategy to skip-till-any,
since this is the most demanding strategy, both in terms of time and space complexity. For
all experiments described here, we have made sure that all engines produce the same
results for each pattern.

The benchmark suite runs each experiment, i.e., each combination of engine, pattern and
window size, 3 times. We report the average throughput and memory footprint. Throughput
is measured in terms of (input) events processed per second, whereas memory is measured
in terms of used memory (MB). For each run, multiple memory measurements are taken,
one every 10.000 input events. Before the measurement, the garbage collector is explicitly
called. We report the average of those memory measurements. The time we use to calculate

5 https://github.com/ElAlev/Wayeb
6 https://github.com/CORE-cer/CORE-experiments
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throughput includes both the time required to process input events (update the state(s) of
the automaton, create new runs, discard old ones, etc.) and the time required to report any
complex events. However, we have slightly modified the notion of “reporting a complex
event”. Instead of writing it in a file/database (a system-dependent, expensive operation),

we perform (for all systems) a simple arithmetic operation on the timestamps of its
constituent simple events.

Our first set of experiments is focused on sequential patterns. We begin with patterns of the
following form:

s (111 1) 201 a(= 1) 1N

where w is the window size and all contain “local” constraints, i.e., conditions applied to
the single, most recently read event, while 3 relates the most recently read input event with
the event that triggered ;. For each such pattern, we run experiments for variable pattern
“length”. We say that the length of the Pattern 5 is 3 because it is composed of 3 terminal
sub-expressions. We can increase the length of the pattern by adding more such
expressions. In our experiments we have used patterns of length 3, 6, 9 and 12.

Figure 6 presents throughput results for the aforementioned sequential patterns and for all
datasets. Wayeb and Esper stand out clearly as the most efficient engines in terms of
throughput. Wayeb also has a significant advantage over Esper in most experiments and a
slight advantage for the smart homes dataset. For example, Wayeb is almost 2.5 times as
efficient as Esper for the taxis dataset. Wayeb has a slightly better performance than Esper,
its main competitor in terms of throughput. In general, we see that the performance is
relatively stable as a function of pattern length for all systems.
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Figure 6 Throughput for sequential patterns with n-ary predicates as a function of
pattern length. Window sizes are wstock = 500, wsmart =5, wtaxi = 100

In the next set of experiments, we investigated the behaviour of all systems for increasing
window sizes. For each dataset, we increased the window size up to the point where
throughput exhibits a significant drop. Figure 7 shows the relevant results. Wayeb again
exhibits the best performance in terms of throughput, followed by Esper. All systems exhibit
a throughput deterioration as the window size increases. This implies that the window size
is more factor in determining the number of created runs than pattern length.
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Figure 7 Throughput for sequential patterns with n-ary predicates as a function of
window size. Pattern length is 3

In the last set of experiments, we used the stock market dataset and tested all engines
against patterns with various operators. We considered a diverse range of patterns, where
other operators like disjunction, iteration and their combination were employed. In particular,
we tested 5 patterns: 1) A sequential pattern starting and ending with a SELL event, and
with two BUY events in between; ,) same as 1, but with local thresholds on price; 3) same
as 1, but now includes disjunction; ,) same as 3, but with local thresholds on price; 5)
combining iteration and disjunction.

SASE can only support SREMO 4 and . Therefore, we do not show SASE results for
SREMO 3, 4 and 5. FlinkCEP supports all 5 patterns, but its semantics of the iteration
operator are ambiguous and its results when using iteration do not match those of the other
systems. Therefore, we do not show FlinkCEP results for SREMO .

The relevant results are shown in Figure 8. Wayeb has the highest throughput for all
patterns, followed by Esper. The performance for , is higher than that for 4, due to the
presence of extra threshold filters which prune several runs. On the other hand, 5 is the
most demanding one, because it does not have any threshold filters and it includes
disjunction, thus leading to more runs being created. , rebounds to higher throughput
figures, due to the inclusion of filters. For 5, Esper has its lowest performance and Wayeb
its second lowest, due to the presence of both iteration and disjunction.
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Figure 8 Throughput for patterns with n-ary predicates and various operators.

w = 1000
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2.3 Complex Event Recognition with Allen Relations

Contemporary CER applications require the processing of large, high-velocity streams of
symbolic events derived from sensor data, in order to detect and report the satisfaction of
complex event patterns with minimal latency. In maritime situational awareness, e.g., a CER
system consumes streams of vessel position signals, in order to detect instances of
dangerous, suspicious and illegal vessel activities in real time, thus supporting safe shipping
[28]. The target activities of a CER system, such as illegal fishing, are typically durative, and
thus should be expressed using temporal intervals. Moreover, the use of Allen’s Interval
Algebra has proven quintessential for CER [29] [30]. Allen’s algebra specifies thirteen jointly
exhaustive and pairwise disjoint relations among intervals [31]. Consider, e.g., the detection
of the vessel activity ‘disappeared in area’, where a vessel may be attempting to conceal
illegal activities in a certain area, such as fishing in fisheries restricted areas, by stopping
transmitting its position. This phenomenon can be expressed with the ‘meets’ relation of
Allen’s algebra, while it cannot be captured by common interval operators, such as union
and intersection.

The Event Calculus is a logic programming formalism for representing and reasoning about
events and their effects over time [32]. The Event Calculus exhibits a formal, declarative
semantics, while supporting non-monotonic reasoning with background knowledge,
relational events and hierarchical event patterns. These types of temporal specifications are
commonly required in CER [10]. The “Run-Time Event Calculus” (RTEC) is a formal, logic-
based computational framework for online CER [33]. RTEC includes optimisation
techniques, like windowing, allowing for highly efficient reasoning in CER applications. We
proposed RTECa, an extension of RTEC that supports the relations of Allen’s interval algebra
in complex event patterns.

In order to express complex event patterns with Allen relations, RTECa supports logic

programming rules with head ( = , ), expressing that a fluent has value in
the maximal intervals of list . We use a fluent-value pair (FVP), suchas = ,to denote a
complex event. In order to incorporate Allen relations, the rules with head ( = ,)
may contain body predicates in the form of « .., , ), where  denotes an
Allenrelation, and are input lists of maximal intervals, expresses how we should
treat the interval pairs ( , ) satisfying , where and , and is the output list of
maximal intervals. Consider the following example rule:
( ( ) )= ) ) -
( ( 1 )= 1 )1
( ()= )
( H H 1 H )'
«, )= is an FVP expressing the intervals during which

vessel stopped transmitting its position while in an area of type . The first two conditions
of the above rule express that  is within an area of type  in the intervals of list and that

has stopped transmitting its position while being in the open sea in the intervals of list
The last condition of the rule expresses the meets Allen relation.
( L , ) states that from the interval pairs ( , ) satisfying meets,
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where and , we will keep in the output list the “target” intervals, i.e., the
intervals of the second input list . Therefore, a vessel s said to disappear in an area of
type during an interval , if is an interval during which ( )= ,
i.e., stopped transmitting its position while being in the open sea, and is met by an

interval during which  was within an area of type

We describe RTEC, in [34], where we outline the syntax, semantics and reasoning
algorithms of RTECa, demonstrating their correctness and linear-time complexity. Moreover,
we present an extensive, reproducible empirical comparison of our approach with two state-
of-the-art systems supporting Allen relations on real maritime data. Our comparison
demonstrates that RTECa is at least one order of magnitude more efficient than the state of
the art.

2.4 Components for Critical Maritime Event Forecasting and
Resolution

Two distinct components for forecasting and resolving critical complex maritime events are
being developed by Kpler for the Maritime Use Case:

1. MAR_1: Collision forecasting and rerouting
2. MAR_2: Hazardous weather routing

2.4.1 MAR_1: Collision forecasting and rerouting

In 2020 alone 2632 accidents occurred in European Waters according to European Maritime
Safety Agency. In CREXDATA, Kpler aims to increase maritime safety by developing
components and tools for the early forecasting of critical maritime events and for the
automation of the decision-making process for resolving critical situations at sea. Kpler has
already developed an approach for vessel collision forecasting that is integrated with the
distributed system architecture based on the Akka processing engine [35]. In CREXDATA,
in the context of the Maritime Use Case, Kpler develops a solution for vessel collision
avoidance for manned and unmanned vessels.

The vessel collision avoidance solution is based on the Frenet Frame Optimal Trajectory
Generation algorithm. The algorithm is advantageous for solving dynamic routing problems
in motion planning in complex environments, for robotics, autonomous vehicles and maritime
navigation.

The Frenét Frame Optimal Trajectory Generation algorithm addresses the dynamic routing
problem by offering an optimal control-based solution for motion planning. It features a
reactive collision avoidance algorithm suited for complex dynamic environments and
manages long-term objectives such as velocity keeping, route keeping, and stopping, while
considering vessel-specific parameters [36]. Additionally, the COLREGs (International
Regulations for Preventing Collisions at Sea) are integrated with the collision avoidance
algorithm, so that the algorithm produces COLREG-compliant path planning solutions.
Specifically, the integration of COLREG involves modeling and incorporating vessel safety
zones, detecting vessel-to-vessel interaction cases, and filtering out non-COLREG
compliant trajectories during the trajectory generation process (Figure 9).
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Figure 9: Left: COLREG regions for vessel-to-vessel interaction classification [37].
Right: Optimal path planning and velocity adaption of a vessel with green being the
final COLREG compliant optimal trajectory generated in each subsequent
replanning step, black the COLREG compliant valid trajectories, and gray the invalid
alternatives in each replanning step t. Image adapted from [36]

Figure 10 presents the workflow of the vessel collision avoidance algorithm. Figure 11
presents an example output of the collision avoidance algorithm given two vessels that are
forecasted to collide head on at the detected collision position. First, the collision detection
data [35] is ingested from the Redis database, the CREXDATA platform (simulated collision
events for the simulator tools and the interactive simulation scenarios) and the autonomous
vessel (sea trial). The input includes the information on the collision detection event and
vessel specific dynamic and static information.

Subsequently, the type of COLREG interaction is identified according to the interacting
vessel speeds and courses. Finally, the compliant trajectories are identified by the frenet
path planning algorithm.
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Figure 10: Vessel collision avoidance workflow
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Figure 11: Example of a head on collision and the generated COLREG compliant
collision avoidance path

2.4.2 MAR_2: Hazardous weather routing

Collective vessel fleet intelligence involves using historical weather data and weather
forecasts with historical mobility information to address routing challenges in critical sea
weather events. In the context of the Maritime Use Case, Kpler develops a hazardous
weather routing solution for manned and unmanned vessels. The hazardous weather routing
solution for vessels sailing around the world holds immense significance, particularly in the
context of international vessel traffic, safety, and the minimization of route disruptions that
impact the global supply chain. Extreme weather events, which are becoming increasingly
frequent and severe due to climate change, pose significant risks to maritime operations.
Maritime traffic routes are vital for the trade of oil, liquefied natural gas (LNG), and other
essential commodities. For example, ports along the Gulf of Mexico and the US East Coast,
such as Corpus Christi, Houston, and Beaumont, are crucial hubs for the export of these
resources to European markets. Disruptions along these routes due to hazardous weather
conditions can have far-reaching consequences (see: Figure 12 and Figure 13).
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Figure 12: Visualization of the 2022 hurricane events (their paths) along the North
Atlantic Ocean

Wave —
height

* direction *

Figure 13: a) Disruption of maritime traffic caused by Storm Ciaran that severely
affected parts of Europe and the North Atlantic from late October to early November
2023. b) Comparison with the 6.11.2023, after the storm has calmed under normal
weather conditions. Heatmap visualizes the wave height — direction. Different vessel
types sailing in the area are visualized as triangles with colours indicating the
different vessel type

The weather routing approach entails modeling the sea space between origin-destination
locations using the H3 hexagonal geospatial index (h3geo.orq) [38]. The H3 index resolves
the sea area into a grid. Each H3 cell (hex size: 5) of the index forms a node and is
interconnected with edges to each neighboring cell. This forms a high-resolution graph with
nodes and edges with uniform index size that fully covers the entire globe, and which can
be used as the solution space for the hazardous weather routing algorithm.
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Subsequently an ETL process has been built in Airflow for the weather data and forecast
extraction, fusion with the H3 grid and scaling transformation. The ETL process extracts
weather data from NOAA (wind data) and from Copernicus (wave and currents data),
standardizes it into a uniform format and fuses it with the H3 grid.

The resolution of the weather features is lower than the resolution of the H3 grid. Thus, it is
important to map the respective weather features accurately across the entire H3 grid fill the
missing areas accordingly. The mapping of the weather features on the H3 index is facilitated
with following steps and is visualized in Figure 14:

1. Weather features are mapped directly into their corresponding H3 cells. (purple cells:
1t level)

2. 2" level neighbouring (green) cells are assigned with the value from the 1%t level cells

3. 3"level red cells are assigned the average of the respective H3 2™ level neighbours

4. 4™ level yellow cells are assigned with the neighbouring average values.

Figure 14: Mapping of weather features on the H3 index (example for NOAA wind
dataset)

It is important to note that the three weather datasets for wind, waves and currents have
different recording intervals. NOAA provides wind data every six hours with hourly datasets,
Copernicus supplies wave data twice a day (dividing the day in half) with three-hourly
datasets and offers currents data once a day with hourly datasets. The data extraction is
scheduled to run daily, executing various batch jobs that automate and periodically perform
the specified tasks and updates to the current weather databases used for hazardous
weather routing (see Figure 15).
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Figure 15: Download and fusion process of weather data from NOAA and
Copernicus (Task groups)

Additionally, a statistical data extraction of historical weather data is performed on data from
September 2022. Statistics for wind and currents are generated by calculating the
magnitudes for the wind and currents, according to the respective official scales for
categorizing the intensity of weather features. Subsequently, the weather data is scaled
across the entire area by utilizing the minimum and maximum values from the statistical
extraction (see Figure 16).
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Figure 16: Statistics extraction and weather forecasts scale categorization process
step for each weather parameter. Example showcases the task groups for days 0
(current) to 3 (Total task groups reach up to day 9)

The solution leverages historical AIS data fused with the historical weather data and weather
forecasts. Based on the statistical weather analysis and scaling, weights along the edges
across the different H3 nodes are generated. These weights are treated as functions of the
forecasted changing weather conditions, leading to the generation of updated and safe
vessel routes toward the destination. The final implemented routing solution is graph-based
and employs the A* algorithm for the route definition. The implemented approach for the
hazardous weather routing solution is presented in Figure 17.
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Figure 17: Hazardous weather routing methodological workflow

Initial evaluation results for the hazardous weather routing component are presented in
Chapter 5 Maritime Use Case in Deliverable 2.2.
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3 Interactive Learning for Simulation Exploration

In this section we present our work in the scope of “T4.2 Interactive learning for simulations
exploration”. The main objectives of T4.2 are:

» Develop algorithms for guiding large-scale simulations towards desired ends.

» Simulate course corrections and adaptations to a changing environment.

* Avoid exhaustive search of the solution space by incorporating faster and effective
solutions.

e Promote interactive learning to allow users to be more active in guiding the
simulations.

In the first half of the project, we focused on defining the interactive learning and simulations
exploration scenarios for each use-case of CREXDATA. Having the simulators in place (see
D2.2), we examined what would be relevant and useful for the end-users, given the
interactive learning possibilities that each simulator and use-case definition provides.

In the following, for each use-case, we briefly describe the simulators used and focus on the
T4.2's perspective regarding the parameters that are calibrated and explored. Also, we
define several scenarios and outline the methods that are going to be used for simulations
exploration, as well as for aiding the end-users in an interactive learning manner.

3.1 Emergency Use-Case

In the first half of the CREXDATA project, a focus was set in the weather induced Emergency
Case (EmCase) to “weather related simulation” (cf. [ D2.1, p.28]). MIKE+ was selected as a
simulator engine (see details in D2.2). The software is available with a research license,
offering an API to invoke simulation runs and access output results. It is a representative
sample of similar simulators, also preparing for different natural phenomena like forest fires.
Specific use cases cover the three use case types of prediction, calibration and optimization.

The conceptual software architecture (see Figure 18) for the integration of MIKE+ covers
the KAFKA-based interface between the CREXDATA system including the T4.2 component,
ARGOS as a kind of mediator system invoking simulations and pushing simulation results,
as well as a sample deployment of MIKE+ extended by a batch process. This batch process
starts a simulation run, uniquely identified by a simID, converts output results from DFS
formats to T4.2 format, and merges all relevant result packages. The software packages
MIKE+ Py and MIKE |O are used for this purpose.

MIKE+" manages projects through so called project (MUPP) Files, loading context data and
parameter values from an SQLite database. From that database, further data sets like Digital
Elevation Models (DEMSs) are acquired (in that case, using SpatiaLite). Simulations are run

7 URL https://manuals.mikepoweredbydhi.help//latest/Cities/MIKE Plus _Model Manager.pdf for
general and esp. network modelling including results specifications, URL
https://manuals.mikepoweredbydhi.help//latest/Cities/MIKE Plus 2DOverland.pdf for 2D overland
modelling including results specification, last access 20.05.2024
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based on data for three types of parameters: context data (see Figure 19), configuration
settings and input data.

[
for selected ARGOS? | PC@UPB |‘

parameters standard config

2l | » config sim write
param space 9

T data (esp. grid) D—

N params res1d (nodes/links)
dfsu/dfs2 (grid)
train ML
simID_res1d.csv
— read .
Historic data (simiD) sim|D_dfs2.csv
3 j pull results >
simID.csv
compare with kafka _
(actual) data push results

Figure 18: Adoption of the simulator architecture [D2.1]

3.1.1 Input parameters and data
Simulations are conducted based on context data which mainly subsume

e 2D overland (grid/raster data):

o0 Geographical information setting references to world coordinates (e.g., by
lat-lon coordinates of the south-western edge).

o Bathymetry resp. Digital Terrain Model (DTM) which indicates the surface
level (in case of rivers, lakes and oceans below water).

o Digital Surface Model (DSM) indicating the surface that includes buildings
etc.

e Catchments and/or zones, breaking down the grid into areas with similar properties:

0 Buildings

o Streets

0 Lawns etc. (e.g., by layer of land cover)

e Collection network system (sewage system)

0 nodes (manholes, outlets and basins): defined by coordinates, type,
diameter, ground and bottom level etc.; specified by, e.g., max. and min.
infiltration rates

o circular pipes, defined by references to two nodes, type, height, width,
diameter, length etc.
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Parameters in configuration settings are assumed to be stable in general for simplification
purposes. The latter means that, in CREXDATA use cases, they will not be changed in
between simulation runs by decision. Exemplary configuration parameters are:

e General parameters:
o Temporal resolution for the simulation of output parameters like water level,
flow velocity etc.
0 Spatial resolution of the grid (e.g., grid elements in 5 meters distance)
o Catchments
 Parameters stable by decision, esp. properties of catchments and/or zones
determining, e.g., the rainfall-runoff model, which is based on temperatures and
drought conditions of the ground (determined by meteorology, i.e., potentially
calculated by impact assessments based on meteorological data)
o Dampening delta depth
o0 Weir coefficient
o Initial values for the hydrodynamic variables on dryness resp. water level
0 Surface roughness, eddy viscosity etc.

Main input data for simulations might result from sensing, especially acquired by satellites
(grid/raster data) and weather stations (time series data), and from forecasting (typically
grid/raster data), gathered from forecasting services running models of single- or multi-
phenomena models. Such input data refers to
* Meteorological input data parameters — precipitation (type: rainfall and raingauge):
main influence for flooding events, determined by intensity over time
* Meteorological input data parameters — wind: direction and intensity

Figure 19: Visualisation of an excerpt from the context data used for simulations
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3.1.2 Output parameters

The simulation results in output data, carrying time series for specific attributes for the grid
and for networks?:

* Network: nodes and pipes
o focused in CREXDATA: total water depth (water level)
o further parameters like discharge to surface and (optional) volume
e Network: links
o further parameters like flow velocity
e Network: nodes
o further parameters like external water level and diverted runoff to surface
« Elements (cells) of the 2D overland grid/raster (incl. catchments)
o foc